This technical brief is focused on the research area of fault detection and diagnosis in a complex thermodynamical system: in this case, an axial flow compressor. Its main contribution is a new approach which combines a physical model and a multilayer perceptron (MLP) model using the best advantages of both types of modeling. Fault detection is carried out by an MLP model whose residuals against the real outputs of the system determine which observations could be considered abnormal. A physical model is used to generate different fault simulations by shifting physical parameters related to faults. After these simulations are performed, the different fault profiles obtained are collected within a fault dictionary. In order to identify and diagnose a fault, the anomalous residuals observed by the MLP model are compared with the fault profiles in the dictionary and a correlation that provides a hypothesis with respect to the causes of the fault is obtained. This methodology has been applied to axial compressor operational data obtained from a real power plant. A case study based on the successful diagnosis of compressor fouling is included in order to show the potential of the proposed method.
Introduction
Technological developments in recent decades have resulted in a steady growth in power demand, which has made an increase in electrical power generation resources necessary. An important part of these new generation resources are combined-cycle power plants. In these plants, axial flow compressors are critical components, given the fact that approximately one third of major failures in large gas turbines are axial compressor failures. For this reason, early fault detection and diagnosis in these components are extremely valuable in order to prevent undesired plant shutdowns. Recent trends in research in this field [1, 2] indicate that hybrid approaches combining physical knowledge with other techniques would seem to be a good choice.
This technical brief proposes a new method for improving the process of fault detection and diagnosis that takes advantage of the benefits of system physical modeling combined with the advantages of modeling based on soft-computing techniques. To this end, a hybrid methodology is presented which makes use of multilayer perceptron (MLP) models and of a physical model, which provides valuable fault diagnosis information. This work focuses on the point of view of the component operator, who often has limited information available to him. Therefore, no information other than the physical knowledge of the process and the values of the variables observed from the default condition monitoring system is used. In addition, only real compressor operation data from a combined-cycle power plant is used in order to evaluate the approach.
System Description and Data Analysis
In order to put into practice the methodology proposed, an axial flow compressor of a combined cycle power plant was used. The gas turbine of the combined-cycle analyzed has a nominal power of 250 MW and its air compressor consists of 18 stages. The variables used, as described in Table 1 , were collected every hour for 40 months. Only samples with a rotational nominal speed in the range of 2995-3005 rpm, at steady condition, were selected. Moreover, only data corresponding to full load were taken into account and, for this reason, only samples with an IGV angle (CSGV) <85 deg were used. The main reason for this was that, in this condition, the inlet guide vanes (IGVs) are not operating. If the IGVs are completely open, the compressor behavior is not influenced by the plant control that determines the IGV position and, consequently, the mass flow and the compressor load.
Physical Model Development: Axial Flow Compressor
As has been demonstrated in previous works [3] , faults in the compressor can be detected through black-box modeling techniques such as MLPs, however, they cannot be easily explained. Nevertheless, in-depth knowledge from the use of physical modeling can complement the detection of anomalies by MLPs so that a more explicative fault diagnosis can be carried out. To this end, it is important to identify which of these parameters in the physical model are involved in the different observable types of failure modes.
Physical Model Hypothesis: Mean-Line Performance
Model. If several options exist for modeling, the model requirements should be balanced between the difficulty of their implementation and the complexity and level of detail needed for the fault detection and diagnosis application. Note that simulation is not the final purpose of the physical model in the proposed method; its important feature is its sensitivity to changes in the process parameters, rather than the accuracy of the values predicted. This sensitivity to dynamic changes should be as close as possible to the real process, because this will also facilitate the identification of the main features for fault diagnosis.
Taking these requirements into account, a stage stacking mean line performance prediction model was chosen for the physical modeling. These types of models make use of empirical correlations to compute the flow turning and losses at the mean line point of each cascade. In order to achieve their goals, they require as inputs the flow conditions (static temperature (CTIM), static pressure (CPI_PEQ), mass flow (AFQ), and the IGV angle (CSGV)) and the geometrical parameters of the cascades in each compressor stage (the compressor duct geometry and the cascade mean line geometry). Then, using basic turbo machinery theory, the velocity triangles and flow conditions for each cascade outlet can be predicted. The level of detail of the model is achieved by the inclusion of all of these parameters. Due to the use of these parameters, this model is the most suitable for fault diagnosis purposes.
Parameter Identification.
The first results obtained with mean line models demonstrated their applicability for fault detection and diagnosis [3] . However, it was necessary to deal with the lack of specific information with respect to the physical parameters required to run the model. This information is the property of the compressor manufacturer and the available data only includes some technical specifications. The gas channel dimensions were obtained through on-site measurements at the power plant and the available drawings. However, the previously described models also require geometrical information about the profiles in their mean line.
In order to increase its efficiency and fault diagnosis capability, a more specific model for the analyzed case study was necessary and a parameter identification procedure had to be carried out to obtain the missing information. In order to overcome this difficulty, a new solution based on a genetic algorithm was used. This was applied to a modification of LUAX-C, an open source code for compressor design which is implemented in Matlab V R . The code was developed at Lund University and uses the same mean line principles previously described [4] . Some modifications to the code were carried out in order to change its original computational goals. The original code estimated the gas channel dimensions using the axial speed evolution along the compressor as input. In this study, however, the computation process was inverted in order to compute the axial speed using the gas channel dimensions data provided by the user. This modification of the original LUAX-C code will be referred to as the basic computation structure (BCS). Its performance was evaluated and verified using geometrical and operational data from a GE J85-13 axial compressor collected from Ref. [5] .
Genetic Algorithm for Obtaining Unknown Physical
Parameters. As previously mentioned, the BCS can compute compressor designs with the same radii distribution as the original compressor. However, the BCS estimates a small set of parameters by taking another set as a basis. This set has to be previously fixed by the user, however, its real values for the compressor remain unknown. In order to deal with this problem, a genetic algorithm (GA) was applied in order to obtain a set of parameters which represented the real ones as closely as possible.
The fitness evaluation function, based on the BCS, attempts to find a compressor design for each individual in the population, according to their corresponding parameters. The objective function value was computed taking into account various criteria, the sum of these criteria being the final value obtained for evaluation. These criteria were:
• the sum of the values of the camber and stagger angles, penalized if they are above 60 deg
• the proximity to the surge line, penalizing values of Ch (Koch surge parameter [6] ) above the maximum permitted and short distances to the surge limit • the proximity of the designed output temperature and the real one • the coincidence between the designed axial length of each rotor cascade and its real length. This was one of the most restrictive criteria used
The GA was executed through several consecutives generations, with each new generation taking as the initial population the final population of the previous one. Finally, the design with the best fitness value was chosen.
Simulation Model.
Once the whole set of geometrical parameters was known through the use of the GA, the BCS was modified for simulation purposes. The critical point of the meanline performance simulation models is the set of empirical correlations that are used to compute the flow turning and losses. After some tests, the loss equations from Ref. [4] were selected as default for the model and a combination of Refs. [7, 8] performed best in the case of flow turning prediction.
Despite the time and effort invested in obtaining a specific axial compressor model fitted for a real case, the final simulation model was not able to simulate the outputs observed at the real compressor outlet. This was due to the sequential nature of the computation process, since the flow conditions at the outlet of one stage are the inlet conditions of the next one. Thus, any error in one of the stages spreads to the other stages downstream. Moreover, despite the fact that reference values were established for each cascade, no measurements at the compressor intermediate stages were available. In fact, no data concerning the real error resulting from the model could be obtained in order to correct it. Due to the important number of parameters in the simulation model and the lack of information, the simulation model fitting was not viable.
Taking this into account, together with the fact that the MLP model could consistently reproduce the compressor behavior from the inlet to the outlet, a hybrid model, combining the advantages of a physical model with those of an MLP was finally adopted as a solution. The physical model was limited to only some of the first compressor stages, where the possible cumulated error could be low. For the remaining stages downstream, the compressor was simulated by an MLP trained from the outputs of the physical model to the compressor outlet. This hybrid approach is the most important contribution of the methodology proposed.
Using this hybrid approach, the error committed by the physical model could be held back by the MLP without affecting the value of the information in the physical model for fault diagnosis. The training of this normal behavior MLP is explained in the following section.
4 Physical Model and MLP Combination: Building the Fault Dictionary 4.1 Normal Behavior Models Training. In order to construct a fault dictionary, two normal behavior models are required. The first one (referred to as 'MLP0') represents the relationships between the observable input and output variables in the compressor and the second ('MLPMIX') represents the relationships between the estimated and unobservable outputs of the simulated physical model for the first stages of the compressor and the latter's observable output variables. The function of these behavior models can be observed in Fig. 1 . This hybrid approach permits both the detection of anomalies by the MLP0 model with respect to the normal behavior expected in the current working conditions and the diagnosis of the possible causes of these anomalies using the physical model combined with the model MLPMIX. The input variables for both MLP models are the same as for the physical
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Transactions of the ASME model: temperature, pressure, and mass flow. Temperature and pressure are the output variables. Figure 1 shows a diagram of the fault dictionary construction. Different changes in the parameters of the physical model were introduced in order to reproduce the effects of different types of faults. Taking these changes into account in the physical model, the output residuals were generated as the difference between the MLP0 and MLPMIX outputs. The residuals for these modifications were nonzero and characteristic for each type of fault. Thus, the profiles of the faults introduced, as a function of mass flow, were stored by means of second order polynomial coefficients for each level of the different parameter modifications.
Generation and Storing of Fault Profiles in the Fault
The literature has demonstrated that the certainty of the output prediction of a neural network, such as an MLP, is acceptable when the inputs used for that prediction are inside the knowledge domain of the inputs used for training. If this is not the case, there is a great risk of uncertainty in the prediction. To improve the robustness of the detection of possible anomalies, a probabilistic radial basis function network [9] was trained with the same training sets that were used to train the MLPs, so that it would be able to evaluate whether or not the examples used as input corresponded to the knowledge domains previously learned during training. If the logarithm of the probability of every sample used as input to the MLP models being known is lower than the 1% percentile of the training set knowledge, this input is considered to be unknown to the MLP. This is particularly important in the case of the MLPMIX, since the introduction of faults in the physical model is likely to provide unusual inputs. Consequently, two kinds of fault profiles were obtained: those using all of the samples and those using only the known ones. It was observed that the greater the change in the parameter, the more different the profile corresponding to the only-known samples, when compared with the one obtained with all of the samples. This was to be expected, since greater changes in the parameters mean more atypical inputs for the MLPMIX. This was taken into account at the time of making the fault diagnosis hypotheses because profiles using only known samples are, obviously, more reliable.
For the case study analyzed, the methodology described thus far was applied by creating a physical model to simulate the first stage of the compressor. Only the first stage of the compressor was used to test the approach since it is the part most likely to suffer degradation-associated anomalies such as fouling or erosion. Moreover, the first stage is usually the one with the highest load in the entire compressor; thus, the effect of any change in it would be greater than in any other stage. Some of the parameters chosen to obtain the corresponding fault patterns were selected on the basis of their use in previous studies [5, 10, 11] : the inlet angle, maximum-thickness-to-chord ratio, spacing-to-chord ratio, blade aspect ratio, chord length, and stage blockage. The main effect of a compressor fault is usually a decrease in output pressure. Furthermore, the pressure seemed to be more sensitive than temperature to parameter modifications; therefore, it was chosen as the output variable to be monitored in order to detect and diagnose faults in the case study compressor.
In order to build a fault dictionary including the expected profiles of the faults, the physical simulation model was used, varying the mentioned parameters. Figure 2 is an example of the profiles obtained by increasing the stage blockage value. This stage blockage corresponds to an area reduction of the main flow pass and is often associated with the fouling process of a compressor.
5 On-Line Operation 5.1 Monitoring and Fault Detection. Once the dictionary was built, the on-line fault detection and diagnosis was able to be performed, following the scheme presented in Fig. 3 . The error obtained by the difference between the MLP0 output and the real observed outputs determines if there are symptoms of fault or not. It was necessary to define some criteria to isolate the faulty samples in order to make use of them for diagnostic purposes. To this end, quality control criteria [12, 13] were used by computing the 4th order moving average m 4 (t) and standard deviation s 4 (t). A sample is considered anomalous at a 99% confidence level if it is outside m 4 (t) [ [À1.5r; 1.5r] or s 4 (t) [ [0; 2.266r], with r being the standard deviation of the MLP0 training error. This fault detection module was applied in a real case over a period of suspected fouling degradation. As can be observed in Fig. 4 , a set of faulty samples was found just before an increase in polytrophic efficiency. This set corresponded to a decrease in the real pressure below the expected value. Given that polytropic efficiency increases after a compressor off-line washing, the most probable cause of the pressure decrease in this case is fouling.
Fault Diagnosis: Comparison With the Fault
Dictionary. Once a group of faulty residuals is detected within a certain time window, their profile can be compared with the previously stored fault dictionary profiles. Calculating the correlations between them would provide hypotheses about the possible anomaly present in the compressor.
According to the mass flow value in the system, this method was applied to the previously analyzed faulty samples, which were compared with the stored fault profiles. By computing the linear correlation of the fault profile against the previously obtained fault profiles, several values were obtained to determine how near the fault was to one of these profiles. The fault profile with the strongest correlation was one corresponding to a 2% blockage, as shown in Fig. 5 . This is in agreement with the previous assumption that the main cause of the stage blockage is fouling. In fact, fouling is usually simulated in this way [5] .
As can be observed, both profiles have a similar parallel dynamic between them; however, the real error is twice that obtained by simulating a 2% blockage at the first stage. This may be due to the fact that although not only the first stage was fouled, this was not reflected in the simulation. Transactions of the ASME
